It is important to implement detection and assessment of plant diseases based on remotely sensed data for disease monitoring and control. Hyperspectral data of healthy leaves, leaves in incubation period and leaves in diseased period of wheat stripe rust and wheat leaf rust were collected under in-field conditions using a black-paper-based measuring method developed in this study. After data preprocessing, the models to identify the diseases were built using distinguished partial least squares (DPLS) and support vector machine (SVM), and the disease severity inversion models of stripe rust and the disease severity inversion models of leaf rust were built using quantitative partial least squares (QPLS) and support vector regression (SVR). All the models were validated by using leaveone-out cross validation and external validation. The diseases could be discriminated using both distinguished partial least squares and support vector machine with the accuracies of more than 99%. For each wheat rust, disease severity levels were accurately retrieved using both the optimal QPLS models and the optimal SVR models with the coefficients of determination (R 2 ) of more than 0.90 and the root mean square errors (RMSE) of less than 0.15. The results demonstrated that identification and severity evaluation of stripe rust and leaf rust at the leaf level could be implemented based on the hyperspectral data acquired using the developed method. A scientific basis was provided for implementing disease monitoring by using aerial and space remote sensing technologies.
Introduction
Stripe rust caused by Puccinia striiformis f. sp. tritici (Pst) and leaf rust caused by P. recondita f. sp. tritici (Prt) are two kinds of economically important airborne diseases of wheat around the world [1] [2] [3] . In China, severe yield losses of wheat can be induced by these two diseases with large occurrence areas and high epidemic frequency. Therefore, they both are important factors affecting the food security production in China [1, [4] [5] [6] . Both wheat stripe rust and wheat leaf rust can cause appearance of uredinia on wheat leaves, and the symptoms caused by these two diseases are similar. Urediospores produced by the uredinia can infect wheat leaves [1, 6] . Relying on urediospores, wheat stripe rust and wheat leaf rust can accomplish multiple disease cycles in the field [1, 6] . Thus, it is of great significance to make accurate identification and timely monitoring of these two diseases for prediction and control of the diseases. At the present time, diagnosis, identification and monitoring of the two diseases are mainly accomplished by plant protection technical personnel through the in-field observation and survey according to the visible disease symptoms. It is a labor-intensive and time-consuming process with low efficiency, and sometimes it is easy to make some mistakes. Thus, timely control and management of the diseases would be affected. Studies on application of molecular biological techniques to diagnose and identify the diseases have been reported [7] [8] [9] [10] . However, it is difficult to promote the techniques to the practical application because of high technical requirements and great operation difficulty. So it is significant to explore a method for rapid and accurate diagnosis, identification and quantitative assessment of the diseases.
With the rapid development of remote sensing technologies, related technologies have been increasingly applied in the agricultural field. Studies on monitoring plant diseases based on remote sensing technologies have also been increasing. As a rapid, accurate, nondestructive and economical technology, the hyperspectral remote sensing technology could provide strong technical supports for the monitoring of plant diseases [11] [12] [13] . So far, mostly studies focused on detecting and monitoring of single plant disease using remote sensing techniques, and only a few studies based on remote sensing technologies have been reported for the identification and monitoring of two or more than two kinds of plant diseases or plant pests. Remote sensing techniques are mostly utilized in the studies on detecting and monitoring of plant diseases at the leaf and canopy scales, and there are only a few studies on the identification and monitoring of plant diseases based on aerial remote sensing technologies or space remote sensing technologies [12] [13] [14] [15] .
Studies on detection, identification and monitoring of wheat stripe rust using remote sensing technologies at the leaf, canopy and region scales have been conducted [15] . A study conducted by Huang et al. [16] showed that the spectral reflectance of individual wheat leaves infected with Pst was basically positively correlated with disease severity in the band of 376-1600 nm. Especially, the correlation reached a significant level in the bands of 446-725 nm and 1380-1600 nm, thus these two bands were selected as the sensitive bands to the severity of wheat stripe rust. And the regression models built in the study could accurately determine the disease severity. A study on spectral characteristics of single wheat leaf infected with Pst conducted by An et al. [17] showed that the spectral reflectance increased with the increase of disease severity and that the correlation between spectral reflectance and severity of wheat stripe rust was the highest in the band of 670-690 nm. Moreover, a regression model for severity inversion of wheat stripe rust was built with spectral reflectance as the independent variable. Based on the hyperspectral data of healthy wheat leaves and Pst-infected wheat leaves in a range of disease severity levels, Wang et al. [18] applied support vector machine (SVM) to classify and identify the severity of wheat leaves, and high identification accuracy was obtained. Zhao et al. [19] built two linear regression models with photochemical reflectance index (PRI) for severity inversion of wheat stripe rust at the leaf scale. Based on the in-field spectral reflectance of wheat at the canopy level, Moshou et al. [20] analyzed the differences of spectral reflectance between healthy wheat plants and diseased wheat plants infected with Pst in the early stage in the development of wheat stripe rust. In the study, a discrimination model built by quadratic discriminant analysis could detect the disease with a performance of approximately 95%, and better results with a performance of better than 99% were obtained by using a neural network. Canopy spectra of wheat infected with Pst at different growth stages were acquired and the synchronous investigation of disease index was performed by Huang et al. [21] . The results showed that the disease index was correlated well with the canopy reflectance in the bands of 630-687 nm, 740-890 nm and 976-1350 nm that were regarded as the sensitive bands for monitoring wheat stripe rust. It was also noted that the disease index of wheat stripe rust was significantly correlated with the canopy reflectance at 930 nm with a correlation coefficient higher than 0.90 [22] . From the unmanned aerial vehicle images of wheat stripe rust with different disease indices, Leng et al. [23] extracted the reflectance in the red band, the green band and the blue band and the canopy reflectance, and demonstrated significant correlation between disease index and each kind of the reflectance. The results of the study showed that disease index of wheat stripe rust could be well fitted by using the model built with each kind of the reflectance. Based on multi-temporal airborne hyperspectral images of a wheat field acquired by using a pushbroom hyperspectral imager designed by the Chinese Academy of Science (CAS) on a Yun-5 aircraft, disease prevalence and diseased regions of wheat stripe rust were successfully remotely sensed [24] [25] [26] [27] . Great efforts were made to investigate the potential of space remote sensing for monitoring wheat stripe rust [28] [29] [30] [31] [32] . However, it is still a long way to implement detection and monitoring of wheat stripe rust by using satellite images, and more efforts should be made.
However, only several studies on remote sensing monitoring of wheat leaf rust have been reported. Based on hyperspectral data in the range of 450-1000 nm at the leaf scale, Ashourloo et al. [33] evaluated the effects of different symptoms of wheat leaf rust on 22 spectral vegetation indices (SVIs). The results of the study showed that the scattering of all SVI values increased with the increase of disease severity and that few indices had the ability to indirectly detect the disease. Ashourloo et al. [34] developed two spectral disease indices on the reflectance of wheat leaves at the 605, 695 and 455 nm wavelengths for detection of wheat leaf rust with high accuracy.
Wheat stripe rust and wheat leaf rust often occur simultaneously or simultaneously with other diseases and pests in the field. Therefore, it is necessary to conduct the studies on discriminating wheat stripe rust and wheat leaf rust and on discriminating these two diseases from other wheat diseases and pests based on remote sensing technologies. To the best of our knowledge, at this present time, there are few reports on the detection and assessment of two or more than two kinds of wheat diseases and pests based on remote sensing technologies. Based on the reflectance spectra acquired from individual wheat leaves, Devadas et al. [35] evaluated the ability of ten widely-used vegetation indices to discriminate the leaves infected with stripe rust, leaf rust and stem rust caused by the pathogen Puccinia graminis f. sp. tritici. It was reported that no single index could discriminate the three kinds of wheat rusts from each other. It was suggested that the anthocyanin reflectance index could be used to discriminate healthy leaves, leaves infected with stripe rust and mixed leaves infected with leaf rust and stem rust, and the transformed chlorophyll absorption and reflectance index could subsequently be used to separate the leaves infected with leaf rust and those infected with stem rust. Based on the spectra of individual wheat leaves infected with stripe rust and powdery mildew (caused by Blumeria graminis f. sp. tritici), Yuan et al. [36] discriminated the two diseases with the overall accuracy more than 80% by using Fisher linear discriminant analysis (FLDA) and retrieved disease severity for each disease with the root mean square error (RMSE) less than 15% by using partial least square regression (PLSR). At the leaf scale, Huang et al. [37] designed four new spectral indices to identify healthy wheat leaves and wheat leaves infested with powdery mildew, stripe rust and aphids with classification accuracies of 86.5%, 85.2%, 91.6%, and 93.5%, respectively. A study was also conducted by Yuan et al. [38] for discriminating healthy wheat leaves and wheat leaves infested with powdery mildew, stripe rust and aphids and for estimating stress intensity based on the reflectance spectra at the leaf scale. The satisfactory discrimination performance was obtained with an overall accuracy of 0.75 using the discrimination model built by FLDA and the reasonable estimates were achieved with a coefficient of determination (R 2 ) of 0.73 and a RMSE of 0.148 using the estimating model built by PLSR. Based on the hyperspectral data at the canopy level, Qiao et al. [39] identified the damage symptoms caused by powdery mildew, stripe rust and wheat aphids on winter wheat with the accuracies more than 90% by using stepwise discriminate analysis and hierarchical clustering, respectively. Wang et al. [40] implemented identification and disease index inversion of wheat stripe rust and wheat leaf rust based on hyperspectral data at the canopy scale with satisfactory accuracies. Franke and Menz [41] performed the in-field detection of powdery mildew and leaf rust in wheat based on three high-resolution remote sensing images and the overall classification accuracies of 56.8%, 65.9% and 88.6% were obtained for each image, respectively. It was indicated that the high-resolution remote sensing images were moderately suitable for early detection of different diseases. Both remote sensing monitoring of plant diseases at the canopy level and monitoring plant diseases by aerial and space remote sensing are influenced by environmental factors such as the geometric structure of the vegetation canopy, soil background and atmosphere [13, 15] . In contrast, spectral measurements at the leaf level are more accurate and more reliable. However, spectral measurements at the leaf level are usually performed under indoor illumination conditions which have great differences with nature light source. Moreover, the measurements have high requirements for experimental equipments and usually require an additional device such as integrating sphere or leaf clip which has its own light source. Spectral data in the reported studies on remote sensing monitoring of wheat stripe rust at the leaf level were basically acquired based on the use of an integrating sphere [16] [17] [18] or a leaf clip [19, 36, 38] . It is very difficult to accurately measure spectral data at the leaf level under outdoor conditions. Usually, plant leaves are detached and preserved in some way, and then are brought back for the indoor measurements. Some changes in water content and cell structure of the leaves are inevitably induced in this process, and these changes would affect the accuracy of the acquired spectral data. It is very important to explore a simple, low-cost and accurate method suitable for infield acquisition of spectral data at the leaf level.
In this study, using a proposed hyperspectral data measuring method named as blackpaper-based measuring method, the hyperspectral data of healthy wheat leaves, wheat leaves in incubation period and wheat leaves in diseased period of stripe rust and leaf rust were collected under natural environmental conditions in the field. The models to identify wheat stripe rust and leaf rust were built using distinguished partial least squares (DPLS) and SVM, respectively. And the disease severity inversion models of each individual disease were built using quantitative partial least squares (QPLS) and support vector regression (SVR), respectively. Feasibility of the identification and assessment of wheat stripe rust and leaf rust based on the acquired hyperspectral data at the leaf level by using the proposed method was investigated. The aims of this study were to provide a simple and convenient method for obtaining hyperspectral data at the leaf level and to provide a method for the monitoring and assessment of the two wheat diseases.
Materials and Methods

Wheat Cultivation and Artificial Spray Inoculation
Wheat variety Beijing 0045, moderately susceptible to Pst and Prt, was selected as the experimental cultivar. In the fall of 2013, the seeds of the cultivar were sown in the experimental field located in Kaifeng Experimental Station of China Agricultural University, Kaifeng, Henan Province, China. Two large zones (Zone 1 and Zone 2) were divided from the experimental field. Zone 1 was used as the experimental zone of wheat stripe rust and Zone 2 was used as the experimental zone of wheat leaf rust. Each zone was divided into 18 plots and the size of each plot was 3 m × 4 m. Between the plots, wheat variety Nongda 195, which is highly resistant to Pst and has slow rusting resistance to Prt, was planted as protective belts.
Using the method of Cheng et al. [42] , the urediospores of Pst and Prt for artificial spray inoculation in the experimental field were multiplied on wheat cultivar Mingxian 169 which is susceptible to both Pst and Prt in an artificial climate chamber in the Lab of Plant Disease Epidemiology, Department of Plant Pathology, China Agricultural University. For multiplication of the two kinds of wheat rust pathogens, artificial spray inoculation was conducted when the first leaves of wheat seedlings fully expanded in the artificial climate chamber at 11-13°C and 60-70% relative humidity (RH) with 12 h light per day (10000 lux). Urediospores of Pst or Prt stored in a liquid nitrogen container were taken out, reactivated in warm water of 40°C for 5 min, and then hydrated at 4°C for 12 h. A spore suspension was made with 0.2% Tween 80 solution. After wax on leaf surface was removed by rubbing the surface using fingers dipped with sterile water, about 20 seedlings of each pot (10 cm in diameter) were uniformly sprayed with the spore suspension. The inoculated seedlings were immediately placed into a moist chamber in dark conditions at 11-13°C for 24 h, and then transferred into the artificial climate chamber under the conditions described above. After 15 days, urediospores were collected by shaking them into a finger-type tube. Some collected urediospores were used to inoculate the new wheat seedlings for multiplication of Pst or Prt. The rest were packed into the cryogenic vials and then preserved in the liquid nitrogen container for the following experiments.
In the experimental field, the artificial spray inoculation of Pst and Prt was performed late in the afternoon in April 2014. To achieve different disease prevalence of wheat stripe rust and wheat leaf rust in the plots, the Pst spore suspensions of 100 mg/L, 80 mg/L, 60 mg/L, 40 mg/L and 20 mg/L were made with 0.2% Tween 80 solution, and the Prt spore suspensions of 50 mg/ L, 40 mg/L, 30 mg/L, 20 mg/L and 10 mg/L were made with 0.2% Tween 80 solution. The control plots were not inoculated using the pathogens. In each zone, each treatment was replicated three times and the experiment was performed with randomized block design. Each plot needed to be inoculated was evenly sprayed with the corresponding spore suspensions using a sprayer. Just before inoculation, a sprayer was used to make the wheat leaves covered with water droplets and the wax on the leaf surface was removed by rubbing the surface using fingers. For moisturizing the wheat leaves, the inoculated plot was immediately covered with a plastic film that was sprayed with water, and then the edges of the plastic film were covered with earth. The plastic films were removed between 8: 00 and 9: 00 (Beijing Time) in the next day. The disease symptoms appeared on 20 days after inoculation.
Acquisition of Hyperspectral Data
A novel hyperspectral data measuring method named as black-paper-based measuring method, was developed in this study. Firstly, under in-field natural conditions, the collected fresh wheat leaves were fixed on a piece of black paper (30 cm × 20 cm) with transparent double-sided adhesive tape. The leaves were arranged side by side, and the number of leaves for each group could be determined according to the measuring area. In this study, five wheat leaves in the same level of disease severity was treated as a group, and the total leaf width of each group was about 10 cm. Six groups of wheat leaves were pasted on a piece of black paper. When the leaves were fixed on the paper, the upper (adaxial) surfaces of the leaves were on the upside because the uredinia were on the upper surfaces of diseased leaves. The hyperspectral data of wheat leaves in the wavelength range of 325-1075 nm were measured by using an ASD spectrometer (ASD FieldSpec HandHeld 2) (ASD Inc., Boulder, Colorado, USA) with a 25°f ield-of-view, a wavelength accuracy of ±1 nm, a spectral resolution of <3 nm at 700 nm and minimum integration time of 8.5 ms. The acquired spectral data were processed by using the softwares ViewSpecPro (Version 6.0.11) and MATLAB (R2013b). All hyperspectral measurements were performed on clear and sunny days between 10: 00 and 14: 00 (Beijing Time). When the hyperspectral measurement was made, the sensor of the spectrometer was vertically positioned at a height of 8 cm above the fixed leaves. Three spectra were measured for the leaves of each group, and the average value was treated as the spectrum of the group at the leaf level. White board correction was made after hyperspectral measurements of three groups of wheat leaves.
Before artificial spray inoculation of Pst and Prt in the experimental field, the spectra of 180 groups of healthy wheat leaves were measured, and 180 spectra were obtained for further analysis and modeling after averaging the three spectra of each group. On the tenth day after inoculation, no visible disease symptoms appeared on the wheat leaves inoculated with the pathogens, and the leaves were in the incubation period of wheat stripe rust or wheat leaf rust. On that day, for each kind of wheat rust, the hyperspectral measurements of 180 groups of wheat leaves in the incubation period were made, and 540 spectra were obtained. After averaging the three spectra of each group, 180 spectra in the incubation period of each kind of wheat rust were used for analysis and modeling. After disease symptoms appeared on the wheat leaves, the diseased wheat leaves were collected and the severity levels of wheat stripe rust and leaf rust were assessed according to the Rules for Monitoring and Forecast of the Wheat Stripe Rust (Puccinia striiformis West.) (National Standard of the People's Republic China, GB/T 15795-2011) and the Rules for the Investigation and Forecast of Wheat Leaf Rust (Puccinia recondita Rob. et Desm.) (Agricultural Industry Standard of the People's Republic of China, NY/T 617-2002), respectively. The disease severity of the diseased leaf infected with Pst or Prt was estimated as 1%, 5%, 10%, 20%, 40%, 60%, 80% or 100%. For each kind of wheat rust, 15 groups of wheat leaves at each severity level were collected and then 120 groups were totally obtained. Subsequently, 360 spectra of the diseased leaves for each disease were acquired, and after averaging the three spectra of each group, 120 spectra of the leaves infected with Pst or Prt were obtained for the corresponding analysis.
Preprocessing Hyperspectral Data
In this study, modeling was conducted using the spectral reflectance data in the three regions including the acquired full spectral region (325-1075 nm) (named as original spectral reflectance data), the visible region (380-780 nm) and the near infrared region (780-1075 nm). It was reported that the influence of background noises and non-ideal information could be removed from the original spectra by derivative spectrometry and that first derivative spectra, second derivative spectra and high order derivative spectra could work well for the reduction of low-frequency background noises and the resolution of overlapping spectra [43] . It was also demonstrated that logarithmic transformation of the reciprocals of the spectral reflectance could increase the differences among the spectra in the visible region and reduce the influence of environmental factors such as the changes of light conditions on acquired spectra [44] . Therefore, to reduce the effects of noise signals on spectral information, first derivatives of the original spectral reflectance, second derivatives of the original spectral reflectance and the logarithms of the reciprocals of the original spectral reflectance were calculated in this study and then applied for modeling. In addition, a spectral feature set consisting of 22 spectral feature parameters [11] (as shown in Table 1 ) was built to select spectral feature parameters for modeling. To reduce the number of spectral feature parameters for modeling, correlation analysis between each spectral feature parameter and disease severity of the corresponding disease was performed, and the spectral feature parameters were selected for modeling as the corresponding correlation coefficients (r) for the two diseases were both higher than 0.5, 0.6, 0.7 or 0.8. The selected results of the spectral feature parameters were shown in Table 2 . Identification models and severity inversion models of wheat stripe rust and wheat leaf rust based on the original spectral reflectance data, the original spectral reflectance in the visible region, the original spectral reflectance in the near infrared region, the first derivatives of the original spectral Table 2 . The selected hyperspectral parameters by using different criteria based on the correlation coefficients (r).
Selection criteria
The selected spectral feature parameters r>0. 
Dy
The maximum of first derivatives of spectral reflectances within yellow edge (550-582 nm)
λy The wavelength at the position of Dy (nm)
Dr
The maximum of first derivatives of spectral reflectances within red edge (680-780 nm)
λr The wavelength at the position of Dr (nm)
Rg
The maximum reflectance in 510-560 nm λg The wavelength at the position of Rg (nm)
Rr
The minimum reflectance in 640-680 nm
The wavelength at the position of Rr (nm)
SDb
The sum of first derivatives of spectral reflectances within blue edge (490-530 nm)
SDy
The sum of first derivatives of spectral reflectances within yellow edge (550-582 nm)
SDr
The sum of first derivatives of spectral reflectances within red edge (680-780 nm)
Rg/Rr
The ratio of Rg to Rr reflectance, the second derivatives of the original spectral reflectance, the logarithms of the reciprocals of the original spectral reflectance and the selected spectral feature parameters, respectively, and the effects of the different preprocessing methods of spectral data on modeling were compared.
Establishment of Identification Models of Wheat Stripe Rust and Leaf Rust
The models to discriminate five categories of wheat leaves including healthy leaves, leaves in the incubation period of stripe rust, leaves in the diseased period of stripe rust, leaves in the incubation period of leaf rust and leaves in the diseased period of leaf rust, were constructed by using two methods including DPLS and SVM, respectively. The models were validated by using two methods including leave-one-out cross validation (LOOCV) and external validation. Each model was evaluated by using the identification accuracy. When modeling was performed based on external validation, the acquired spectral data were randomly divided into training set and testing set as the ratio of training set to testing set was equal to 1:1, 2:1, 3:1, 4:1 or 5:1, and the effects of different ratios on modeling were compared.
Establishment of Severity Inversion Models of Wheat Stripe Rust and Leaf Rust
Severity inversion models of wheat stripe rust were established by using two methods including QPLS and SVR, respectively. Severity inversion models of wheat leaf rust were also established by using QPLS and SVR, respectively. All the severity inversion models were validated by LOOCV and external validation. The values of R 2 and RMSE were used to evaluate the models.
When modeling was performed based on external validation, the acquired spectral data were divided into training set and testing set with the ratio of training set to testing set equal to 1:1, 2:1, 3:1, 4:1 or 5:1 by using the content-grads method [45] , and the effects of different ratios on modeling were compared.
Results
Spectral Characteristics of Stripe Rust and Leaf Rust in Wheat
After averaging the spectral data of healthy wheat leaves, wheat leaves in the incubation period of stripe rust, wheat leaves in the diseased period of stripe rust, wheat leaves in the incubation period of leaf rust and wheat leaves in the diseased period of leaf rust according to their categories, respectively, the spectrum of each category was obtained and the corresponding spectral curve was showed in Fig 1. As shown in Fig 1, for both wheat stripe rust and leaf rust, compared with the spectral reflectance of the healthy wheat leaves in the range of 325-700 nm, the spectral reflectance of wheat leaves in diseased period increased to some extent, and the spectral reflectance of wheat leaves in the incubation period relatively decreased. Moreover, in the acquired full spectral region of 325-1075 nm, the reflectance values of wheat leaves in the incubation period of stripe rust were higher than that of wheat leaves in the incubation period of leaf rust, and the reflectance values of wheat leaves in the diseased period of stripe rust were lower than that of wheat leaves in the diseased period of leaf rust. The differences in the near infrared region were more obvious than in the visible region.
Identification of Wheat Stripe Rust and Leaf Rust Based on the Hyperspectral Data at the Leaf Level
Identification of Wheat Stripe Rust and Leaf Rust by Modeling Based on LOOCV. When LOOCV was used as the validation method, the identification accuracies of the identification models of wheat stripe rust and leaf rust built based on the original spectral reflectance data, the original spectral reflectance in the visible region, the original spectral reflectance in the near infrared region, the first derivatives of the original spectral reflectance, the second derivatives of the original spectral reflectance, the logarithms of the reciprocals of the original spectral reflectance and the selected spectral feature parameters, respectively, were shown in Table 3 . As shown in Table 3 , the identification accuracies of more than 94% were obtained for the disease identification DPLS models and the disease identification SVM models built based on the original spectral reflectance data, the original spectral reflectance in the visible region, the original spectral reflectance in the near infrared region, the first derivatives of the original spectral reflectance, the second derivatives of the original spectral reflectance and the logarithms of the reciprocals of the original spectral reflectance, respectively. Among the disease identification DPLS models, the model built based on the logarithms of the reciprocals of the original spectral reflectance achieved the highest identification accuracy of 99.87%. Among the disease identification SVM models, the model built based on the first derivatives of the original spectral reflectance, the second derivatives of the original spectral reflectance or the logarithms of the reciprocals of the original spectral reflectance achieved the highest identification accuracy of 99.23%. The identification accuracies of the disease identification DPLS models and the disease identification SVM models based on the selected spectral feature parameters, respectively, were all very low. Moreover, with the increase of the selection criteria, the number of the selected spectral feature parameters was getting fewer, and the modeling effect was getting worse. Especially, as the correlation coefficients for individual wheat rusts were both higher than 0.8, only normalized difference vegetation index (NDVI) was selected for modeling. And for the disease identification DPLS model and the disease identification SVM model based on NDVI, the lowest identification accuracies of 38.08% and 47.31% were obtained, respectively. Identification of Wheat Stripe Rust and Leaf Rust by Modeling Based on External Validation. When external validation was applied for modeling, the effects of different ratios between training sets and testing sets on the disease identification DPLS models and the disease identification SVM models were shown in Tables 4 and 5, respectively. As shown in Tables 4  and 5 , the modeling ratios had slight effects on the disease identification models. The models built based on the original spectral reflectance data, the original spectral reflectance in the visible region, the original spectral reflectance in the near infrared region, the first derivatives of the original spectral reflectance, the second derivatives of the original spectral reflectance and the logarithms of the reciprocals of the original spectral reflectance, respectively, were better than that built based on the selected spectral feature parameters.
In the case of the disease identification DPLS model built based on the original spectral reflectance data, the original spectral reflectance in the visible region, the original spectral reflectance in the near infrared region, the first derivatives of the original spectral reflectance, the second derivatives of the original spectral reflectance or the logarithms of the reciprocals of the original spectral reflectance, the identification accuracy for the training set was more than 99%. Except that the identification accuracies of the DPLS models built based on the original spectral reflectance in the near infrared region with the ratios of 1:1, 2:1, 3:1 and 5:1 for the testing sets were lower than 98% (the accuracies were 95.90%, 97.31%, 96.92% and 97.69%, respectively), the identification accuracies of the other DPLS models for the testing sets were more than 98%. Especially, for the DPLS models built based on the logarithms of the reciprocals of the original spectral reflectance with the ratios of 4:1 and 5:1, the identification accuracies for the training sets and the testing sets were all 100.00%.
In the case of the disease identification SVM models built based on the original spectral reflectance data, the original spectral reflectance in the visible region, the original spectral reflectance in the near infrared region, the first derivatives of the original spectral reflectance, the second derivatives of the original spectral reflectance and the logarithms of the reciprocals of the original spectral reflectance, respectively, the identification accuracies for the training sets were more than 99%. Except that the identification accuracies of the SVM models built based on the original spectral reflectance in the near infrared region with the ratios of 1:1, 2:1, 3:1 and 4:1 for the testing sets were lower than 95% (the accuracies were 93.33%, 93.46%, 93.33% and 92.31%, respectively), the identification accuracies of the other SVM models for the testing sets were more than 95%. Especially, for the SVM model built based on the first derivatives of the original spectral reflectance with the ratio of 5:1 and the SVM models built based on the logarithms of the reciprocals of the original spectral reflectance with the ratios of 2:1, 4:1 and 5:1, the identification accuracies for the training sets and the testing sets were all 100.00%. The identification accuracies of the models built based on the selected spectral feature parameters were very low, and the identification accuracies of the DPLS model and the SVM model built based on NDVI (r>0.8) for the training sets and the testing sets were the lowest.
Severity Inversion of Wheat Stripe Rust and Leaf Rust Based on the Hyperspectral Data at the Leaf Level
Severity Inversion of Wheat Stripe Rust and Leaf Rust by Modeling Based on LOOCV. When LOOCV was used as the validation method, the results of the severity inversion models of wheat stripe rust and wheat leaf rust built based on the original spectral reflectance data, the original spectral reflectance in the visible region, the original spectral reflectance in the near infrared region, the first derivatives of the original spectral reflectance, the second derivatives of the original spectral reflectance, the logarithms of the reciprocals of the original spectral reflectance and the selected spectral feature parameters, respectively, were shown in Table 6 . As shown in Table 6 , the R 2 values were more than 0.90 and the RMSE values were lower than 0.16 for the disease severity inversion QPLS models of wheat stripe rust except the QPLS models built based on the first derivatives of the original spectral reflectance and NDVI (r>0.8).
The R 2 values were more than 0.82 and the RMSE values were lower than 0.17 for the disease severity inversion SVR models of wheat stripe rust except the SVR model built based on the selected spectral feature parameters as r>0.6. For the disease severity inversion QPLS models of wheat leaf rust, all the values of R 2 were more than 0.85. Especially, the optimal R 2 values were obtained when the QPLS models of wheat leaf rust were built based on the first derivatives of the original spectral reflectance and the second derivatives of the original spectral reflectance, respectively, and they were 0.9788 and 0.9814, respectively. However, the values of the corresponding RMSE of 0.3567 and 0.4191 were the highest. The values of R 2 were more than 0.83 and the values of RMSE were lower than 0.15 for the disease severity inversion SVR models of wheat leaf rust except the SVR model built based on NDVI (r>0.8). Especially, the values of R 2 were more than 0.90 and the values of RMSE were lower than 0.13 for the disease severity inversion SVR models of wheat leaf rust built based on the selected spectral feature parameters as r>0.5 and r>0.7, respectively. The values of R 2 and RMSE were 0.9429 and 0.1396 for the optimal model for disease severity inversion of wheat stripe rust using QPLS, and those were 0.9402 and 0.0921 for the optimal model for disease severity inversion of wheat stripe rust using SVR. In the case of wheat leaf rust, the values of R 2 and RMSE were 0.9304 and 0.1462 for the optimal model for disease severity inversion using QPLS, and those were 0.9084 and 0.1098 for the optimal model for disease severity inversion using SVR. Severity Inversion of Wheat Stripe Rust and Leaf Rust by Modeling Based on External Validation. When external validation method was used for modeling, the effects of different ratios between training sets and testing sets on the severity inversion QPLS models of wheat stripe rust were shown in Table 7 , and the effects of different ratios between training sets and testing sets on the severity inversion QPLS models of wheat leaf rust were shown in Table 8 . As shown in Tables 7 and 8 , for both wheat stripe rust and wheat leaf rust, the disease severity inversion QPLS models built based on the original spectral reflectance data, the original spectral reflectance in the visible region, the original spectral reflectance in the near infrared region, the first derivatives of the original spectral reflectance, the second derivatives of the original spectral reflectance and the logarithms of the reciprocals of the original spectral reflectance, respectively, were better than that built based on the selected spectral feature parameters. In Table 5 . (Continued)
Modeling data
The ratio of training set to testing set For wheat stripe rust, the disease severity inversion model built based on the original spectral reflectance in the visible region with the ratio of the training set to the testing set equal to 3:1 was the optimal model with an R 2 of 0.9514 and a RMSE of 0.0762 for the training set and an R 2 of 0.9274 and a RMSE of 0.0947 for the testing set. For wheat leaf rust, the disease severity inversion model built based on the original spectral reflectance in the visible region with the ratio of the training set to the testing set equal to 1:1 was optimal. The values of R 2 and RMSE for the training set of this model were 0.9419 and 0.0832, respectively, and those for the testing set were 0.9137 and 0.1026, respectively. As shown in Tables 9 and 10 , for both wheat stripe rust and wheat leaf rust, the disease severity inversion SVR models built based on the original spectral reflectance data, the original spectral reflectance in the visible region, the original spectral reflectance in the near infrared region, the first derivatives of the original spectral reflectance, the second derivatives of the original spectral reflectance and the logarithms of the reciprocals of the original spectral reflectance, respectively, were better than that built based on the selected spectral feature parameters when external validation method was used for modeling. Among the disease severity inversion SVR models of wheat stripe rust, the model built based on the first derivatives of the original spectral reflectance was the best as the ratio of the training set to the testing set was 2:1. And the values of R 2 and RMSE for the training set of this model were 0.9992 and 0.0097, respectively, and those for the corresponding testing set were 0.9456 and 0.0810, respectively. Among the disease severity inversion SVR models of wheat leaf rust, the model built based on the original spectral reflectance in the visible region with the ratio of the training set to the testing set equal to 2:1 was the best with an R 2 of 0.9841 and a RMSE of 0.0438 for the training set and an R 2 of 0.9403 and a RMSE of 0.0848 for the testing set.
Discussion
As shown in Fig 1, for both wheat stripe rust and wheat leaf rust, there were differences between the spectral reflectance of the healthy wheat leaves and that of wheat leaves in the incubation period, and there were also differences between the spectral reflectance of the healthy wheat leaves and that of wheat leaves in the diseased period. In addition, there were differences between the spectral reflectance of wheat leaves in the incubation period of stripe rust and that of wheat leaves in the incubation period of leaf rust, and there also were differences between the spectral reflectance of wheat leaves in the diseased period of stripe rust and that of wheat leaves in the diseased period of leaf rust. The differences may be related to the changes of chlorophyll content and cellular structure in the leaves [14, 46] . Plant leaves have a low reflectance in the visible region and a high reflectance in the near infrared region [14, 46, 47] . The low reflectance in the visible region is mainly influenced by pigments in the leaves and the high reflectance in the near infrared region is mainly caused by leaf cellular structure [14, 46, 48, 49] . It was reported that the reflectance in the visible region was negatively related with the chlorophyll content of wheat leaves [50] . The chlorophyll content of wheat leaves in the incubation period gradually increases with the growth of wheat, so the reflectance decreases compared with the reflectance of the healthy wheat leaves [50] . And in the diseased period, a large number of uredinia break through the epidermis of the leaves, and this induces the destruction of the leaf structure and the decrease of the chlorophyll content, resulting in the increase of the spectral reflectance [50] . The specific mechanisms of the reflectance differences are still needed to be further studied. Plant canopy spectra are influenced by many factors such as geometrical structure and soil background while the hyperspectral measurements are performed under in-field natural conditions [13, 15] . Compared with the canopy spectra, the spectra at the leaf level are more accurate and more reliable. However, it is difficult to accurately acquire spectral data at the leaf level. Usually, the leaves are brought back to a laboratory for spectral measurements. But in this process, water content and cell structure of the leaves will inevitably be affected, thus the accuracy of spectral data will also be influenced. Moreover, indoor spectral measurements are usually performed with the aid of an artificial light source and often require experimental equipments and devices such as integrating sphere and leaf clip. To solve these problems, a novel spectral measuring method named as black-paper-based measuring method was developed in this study. Under the in-field natural conditions, after the collected fresh leaves are pasted side by side on a piece of black paper, the spectral data at the leaf level can be measured by using a portable spectrometer. Using the models built based on the hyperspectral data acquired by using the proposed measuring method, satisfactory results were achieved for both disease identification and disease severity inversion. The results indicated that the so-called black-paper-based measuring method is a low-cost, easily operated and acceptable method. It is simple and convenient. Using this method, the influence of vegetation coverage and geometry structure of plant canopy on spectral data can be avoided. Meanwhile, the reduction of water content and the damage on cell structure in the preservation process of the leaves can also be avoided because the spectral measurements are performed immediately after the leaves are collected. Certainly, this method is only suitable for the spectral measurements at the leaf level. And it is more suitable when the measurements can not be performed without the aid of special equipments and devices such as integrating sphere or leaf clip under outdoor conditions and the accuracy of the acquired spectral data is to some extent required. However, it is obviously not suitable for the spectral measurements in large scale.
Spectral measurements at the leaf scale are usually performed with the aid of special instruments and equipments such as integrating sphere or leaf clip, and sometimes, spectral measurements are performed under indoor illumination while the leaf or the leaves are placed on a black background. It was reported that reflectance measurements of plant leaves were made for extraction of leaf biochemistry information while a leaf disk punched from each leaf was placed into a sample holder with a black background [51] . In a study conducted by Liu et al. [52] , indoor measurements of spectra of rice leaves placed in a black observation platform with an approximately zero reflectivity were made under a light source for discriminating rice leaves infected by Aphelenchoides besseyi. It was reported that the reflectance spectra at the leaf level for assessment of water content of wheat leaves were measured directly by a spectrometer under a light source in the indoor environment [53] . Moreover, for the leaves with large width of some plants such as cucumber and cotton, the reflectance spectra of individual leaves could be measured directly by a spectrometer with natural illumination [54, 55] . The developed spectral measuring method in this study was implemented based on the use of a piece of black paper as the background under the in-field natural conditions. The results demonstrated that, except the disease severity inversion models of wheat stripe rust and leaf rust by LOOCV, the models built based on the original spectral reflectance data, the original spectral reflectance in the visible region, the original spectral reflectance in the near infrared region, the first derivatives of the original spectral reflectance, the second derivatives of the original spectral reflectance or the logarithms of the reciprocals of the original spectral reflectance were better than that built based on the selected spectral feature parameters. This may be due to the original spectral reflectance data and the data derived from various transformations including more spectral bands, and thus they contained more information of the healthy wheat leaves and the wheat leaves infected with Pst or Prt in comparison with the selected spectral feature parameters. It has been proved that modeling accuracy increased with the increase of the number of wavelengths [56] .
Although the accuracy is high while the spectral measurements are performed at the leaf level, it is very difficult to apply this spectral measuring method to monitoring plant diseases in large area. Therefore, it is important to find a method that is applicable to monitoring plant diseases in large area with an acceptable accuracy in further studies.
Conclusions
Wheat stripe rust and leaf rust with the similar symptoms are easily confused by symptom observation. It is of great significance to implement the rapid, accurate and timely identification and assessment of these two diseases for sustainable management of the diseases. A novel hyperspectral data measuring method named as black-paper-based measuring method was developed in this study. Using this method, the hyperspectral data of wheat at the leaf level can be acquired under the in-field natural conditions. The potential impacts produced in the process of taking the leaves back to the laboratory for spectral measurements can be avoid. This method is low-cost and easily operated, and it is an applicable method for spectral measurements at the leaf level. Based on the hyperspectral data acquired by using the black-paperbased measuring method, the built identification models of wheat stripe rust and leaf rust could identify the healthy wheat leaves, wheat leaves in incubation period of stripe rust, wheat leaves in diseased period of stripe rust, wheat leaves in incubation period of leaf rust and wheat leaves in diseased period of leaf rust with high identification accuracies, and the satisfactory inversion results were obtained using the built disease severity inversion models. When LOOCV was used as the validation method, the accuracies of the optimal DPLS model and the optimal SVM model for discriminating the two diseases were more than 99%; for wheat stripe rust, the values of R 2 of the optimal disease severity inversion QPLS model and the optimal disease severity inversion SVR model were more than 0.94, and the RMSE values were less than 0.15; for wheat leaf rust, the R 2 values of the optimal disease severity inversion QPLS model and the optimal disease severity inversion SVR model were more than 0.90, and the RMSE values were less than 0.15. When external validation was used for modeling, the accuracies of the optimal disease identification models for the training sets and the testing sets were all 100.00%; for both wheat stripe rust and leaf rust, the values of R 2 of the optimal disease severity inversion QPLS model and the optimal disease severity inversion SVR model for the training sets were more than 0.94 and the corresponding RMSE values were less than 0.10, and the values of R 2 for the testing sets were more than 0.90 and the corresponding RMSE values were less than 0.15. It was indicated that identification and assessment of wheat stripe rust and wheat leaf rust based on the hyperspectral data acquired by using the developed black-paper-based measuring method are feasible. In this study, a scientific basis was provided for implementing satellite remote sensing monitoring of these two kinds of wheat diseases.
Supporting Information S1 Data. The spectral reflectance of five categories of wheat leaves after averaging the original spectral data according to their categories. 
